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Introduction
[ 1}

Injecting drug use and HIV in Europe

o HIV outbreaks among people who
inject drugs (PWID) have occurred
in many European countries over
the past decade with serious impact
on public health (Des Jarlais et al.,
2020).
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Methods for real-time outbreak detection

@ A broad range of prospective outbreak detection methods have
been proposed in literature (Yuan et al., 2019).
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°

Methods for real-time outbreak detection

@ A broad range of prospective outbreak detection methods have
been proposed in literature (Yuan et al., 2019).
¢ Classic methods

x Control charts
* Regression-based methods

© Novel approaches
* Hidden Markov Model (HMM)
+ Bayesian methods
@ Although novel methods seem promising, most comparative
studies focused on the classic ones and were based on simu-
lations.
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Gap in literature

@ Due to limited data availability, the investigation of real out-
breaks is underexplored but may provide useful insights that
cannot be revealed by simulated data.
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Introduction
°

Gap in literature

@ Due to limited data availability, the investigation of real out-
breaks is underexplored but may provide useful insights that
cannot be revealed by simulated data.

@ Only a few studies have intended to identify epidemic states
after the outbreak onset while all but one addressed the problem
retrospectively rather than prospectively (Lytras et al., 2019;
Jobart et al., 2021).

@ Unlike other epidemics widely investigated, HIV outbreaks among
PWID differ in their:

o size
© duration and
o post-epidemic level.
@ Research questions on how anomaly detection methods behave
when applied to such epidemic curves remain still open.
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In this study, we compared the performance of different methods for
detecting in real time the:
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In this study, we compared the performance of different methods for
detecting in real time the:

@ growth
@ decline and
@ post-epidemic state
of HIV outbreaks among PWID in four European countries.
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Methods: Overview (1)

We used the following methods to identify each epidemic state:
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Methods: Overview (1)

We used the following methods to identify each epidemic state:
a two-state HMM

a novel approach HMM-PI that combines the former two
control charts for outbreak detection

o Exponentially Weighted Moving Average (EWMA) and
o Cumulative Sum (CUSUM) chart for Poisson variate.

°
@ a new method based on prediction interval (PI)
°
°
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Methods: Overview (2)

Detection of epidemic states was sequentially conducted

‘ Pre-epidemic ‘ Growth Decline Post-epidemic
state state
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Methods: Overview (2)

Detection of epidemic states was sequentially conducted

Pre-epidemic ‘ Growth
state

- Post-epi .
Decline ost-epidemic
state

Baseline (i.e., counts with-

out outbreaks): historical

pre-epidemic cases extend-
ing three years in total

Constraint: > 12 ob-
servations in training set
i.e., once the epidemic
state changed, it re-
mained unchanged for
the following 11 weeks
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Growth phase: Method based on prediction interval (PI)

Schematic outline of the Pl method for outbreak detection

Current time t Fit NB regression to the 95% prediction
Training set training set interval (L, U)
Yui=1,.,t-1} log(u) = Bo + Bui fori=t

No alarm

Training set={Y;,i = 1, ...,m},
where m the minimum time
corresponding to the minimum
of {V;,i <t}

l

Set current time t
equal to t+1
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Growth phase: Hidden Markov Model

@ We used a two-state HMM to estimate the transition probability
from pre-epidemic (Z; = 1) to growth (Z; = 2) state at each
time point; with the following mathematical form:

(1 —0p12 pf) and Y; ~ NB(u,7¢), where

{7,y = pu—1 and pryz,_, = 1€, By >0

T4z, =71 and ryz,_, = ra such that r; <rg
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Growth phase: Hidden Markov Model

@ We used a two-state HMM to estimate the transition probability
from pre-epidemic (Z; = 1) to growth (Z; = 2) state at each
time point; with the following mathematical form:

(1 —0p12 pf) and Y; ~ NB(u,7¢), where

Wt|Ze—y = pt—1 and pyz,_, = pi—1€”, B1 >0
T4 Zeey =T1 and T4 Zy—y = T2 such that 7, < r9

@ HMM was fitted in a Bayesian framework using Markov Chain
Monte Carlo.

@ An alert was raised when the posterior probability of transition-
ing from the pre-epidemic state to growth exceeded 50%.
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Growth phase: HMM-PI approach

We proposed a new method, called HMM-PI, that combines HMM
and Pl by assigning weights to HMM'’s transition probabilities at
each week based on the PI upper limit as follows:

wi(1 —p1a) 1 —wi(l—p12) where w, = Yth Y, > U
0 1 ’ Y, <U

The weighting scheme was applied for a fixed time horizon (i.e, 12
weeks) after four consecutive alarm signals triggered by PI.
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Decline and post-epidemic state:

Schematic outline of the Pl method for decline detection.

Current time t = t,4+12 Fit NB regression to 95% prediction
Training set the training set interval (L, U)
Yy i=ty ., t -1} log(u;) = Bo + Bai fori=t

No alarm

Trainingset={Y;,i = 1,..,m},
where m the minimum time
corresponding to the
maximum of {Y;, i < t}

Set current time ¢
equal to t+1
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Decline and post-epidemic state: Pl method

Schematic outline of the Pl method for decline detection.

Current time t = t,4+12 Fit NB regression to 95% prediction
Training set the training set interval (L, U)
Yy i=ty ., t -1} log(u;) = Bo + Bai fori=t

No alarm

Trainingset={Y;,i = 1,..,m},
where m the minimum time
corresponding to the
maximum of {Y;, i < t}

Set current time ¢
equal to t+1

To identify the post-epidemic state, we used the Pl method for
outbreak detection.

Real-time detection of the epi ic states of an outbreak
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Decline and post-epidemic state: HMM and HMM-PI

o Similarly with growth, we used a two-state HMM with the fol-
lowing changes in its mathematical form to estimate the tran-
sition probability:
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o Similarly with growth, we used a two-state HMM with the fol-
lowing changes in its mathematical form to estimate the tran-
sition probability:
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Decline and post-epidemic state: HMM and HMM-PI

o Similarly with growth, we used a two-state HMM with the fol-
lowing changes in its mathematical form to estimate the tran-
sition probability:

o from growth (Z; = 2) to decline (Z; = 3) phase
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Decline and post-epidemic state: HMM and HMM-PI

o Similarly with growth, we used a two-state HMM with the fol-
lowing changes in its mathematical form to estimate the tran-
sition probability:

o from growth (Z; = 2) to decline (Z; = 3) phase
Hi|z,=2 = fe—1€”t, 81 >0 and Wt Z,=3 = pe—1€’, By <0
Tt1Zy=2 = Tt|Z,=3 =T
o from decline (Z; = 3) to post-epidemic (Z; = 4) state
[i)Z,=3 = fe—1€"2, B2 < 0 and puy| 7,24 = pu—1

T4|z,=3 = 13 and 1y z,—4 = 4 such that r3 <y

@ HMM-PI combined HMM and Pl integrating the appropriate
transformations for the decline and post-epidemic state.

Baralou et al. Real-time detection of the epidemic states of an outbreak



Methods

Romania

Greece

30- 4 20-

20-
10-
10-
. 57
g o- ; e B
g 2008-48 2010-51  2012-37 2014-01 2008-48 2010-52 2013-02 2016-22
=3
% Luxembourg Ireland
>3- . 3- - .
I
2- . e 2- -
1- - e mmm. . 1= —
01 . T . 0 ' L f
2011-48 2014-05 2016-39 2012-48 2014-49 2017-03
Year-Week
state Pre-epidemic  * Growth * Decline Post-epidemic

states of an ou




HIV diagnoses

30-

20-

Methods
°

Greece Romania
20-
15-
10-
5-
' ' O 01 ' ' ' '
2008-48 2010-51  2012-37 2014-01 2008-48 2010-52 2013-02 2016-22
Luxembourg Ireland
3- -
2- -
- e mmm. . 1= —- e i e
: o ; 0 . T f
2011-48 2014-05 2016-39 2012-48 2014-49 2017-03
Year-Week
state Pre-epidemic Growth Decline Post-epidemic

Baralou et al.

Real-time detection of the epidemi

@ The exact duration of each state was determined by visual in-
spection and relevant literature.

states of an outbreak




Methods
°

Greece Romania
30- . 20- 1
20- 15-
10-
10-
5-
g o- ; i o= —
g 2008-48 2010-51  2012-37 2014-01 2008-48 2010-52 2013-02 2016-22
=3
% Luxembourg Ireland
>3- 3- -
T
2- 2 ot
1- - e mmm. . 1= —- e i e
01 . T . 0 ' L f
2011-48 2014-05 2016-39 2012-48 2014-49 2017-03
Year-Week
state Pre-epidemic  * Growth * Decline Post-epidemic

@ The exact duration of each state was determined by visual in-
spection and relevant literature.

@ Data were provided by The European Surveillance System (TESSy)
of European Centre for Disease Prevention and Control (ECDC).
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Performance metrics

@ Methods were applied in real time as follows:

‘ Pre-epidemic ‘ Growth Decline Post-epidemic
state state

@ Performance was assessed with three popular metrics:
© sensitivity: true positive rate

Number of weeks in state z and associated with an alarm

Number of weeks that are truly in state z

o specificity: true negative rate

Number of weeks not in state z and without an alarm

Number of weeks that are not in state z

o timeliness: difference between the start of each state and the
first alarm signal after its onset.
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Results: Detection of small outbreaks
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Results: Epidemic growth
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Results: Decline phase

@ Post-epidemic counts in Romania and Greece were stabilised at
a level higher than the pre-epidemic = control charts failed.
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Results: Decline phase

@ Post-epidemic counts in Romania and Greece were stabilised at
a level higher than the pre-epidemic = control charts failed.

@ The remaining methods were applied for decline detection.

Country Method Sensitivity Specificity Tér‘::::se)ss

HMM 85% 100% 10
Greece Pl <50% 100% 25
HMM-PI 91% 100% 6
HMM 61% 98% 0
Romania Pl 67% 94% 35

HMM-PI 100% 7% 0

Real-time detection of the epidemic states of an outbreak
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Results: Post-epidemic state

@ When applied for detecting post-epidemic state, no method
reached a satisfying balance among all metrics.
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Results: Post-epidemic state

@ When applied for detecting post-epidemic state, no method
reached a satisfying balance among all metrics.
@ Pl performed better in both countries with:

© 100% sensitivity,
© no delay in triggering an alarm but
© moderate specificity (< 70%).

@ When applied retrospectively (i.e., at the end of each state),
the simple two-state HMM gave almost perfect performance in
terms of sensitivity (=~ 100%) and specificity (=~ 100%).
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Conclusions

@ No method is a panacea for detecting in real time all types of
HIV outbreaks and/or epidemic states.
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Conclusions

@ No method is a panacea for detecting in real time all types of
HIV outbreaks and/or epidemic states.

@ We recommend HMM-PI and PI for monitoring large and abrupt
outbreaks that do not return to pre-epidemic levels.

o Classic control charts are adequate for detecting the start and/or
the end of very small epidemics.

@ Although HMM did not reach a high real-time performance, it
may provide useful insights when applied retrospectively.
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